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METHOD AND APPARATUS FOR PATTERN 
GENERATION 

RELATED PATENT APPLICATION 

This is a Continuation application of prior application Ser. 
No. 08/863,443 filed on May 27, 1997, now U.S. Pat. No. 
6,018,723 the disclosure of which is incorporated herein by 
reference. 

The following patent application is incorporated herein by 
reference. Commonly assigned patent application entitled 
“IMPROVED FINANCIAL RISK PREDICTION SYS 
TEMS AND METHODS THEREFOR,” invented by Cathe 
rine A. Basch, Belva J. Bruesewitz, Patrick L. Faith, and 
Kevin P. Siegel, filed on May 27, 1997, now U.S. Pat. No. 
6,119,103. 
The following patent application is incorporated herein by 

reference. 
Commonly assigned patent application entitled 

“IMPROVED FINANCIAL RISK PREDICTION SYS 
TEMS AND METHODS THEREFOR,” invented by Jean 
Bruesewics, Patrick L. Faith, and Kevin P. Siegel, filed on 
even date, now U.S. Pat. No. 08/863,666. 

BACKGROUND OF THE INVENTION 

1. Field of Invention 
The present invention relates generally to methods and 

apparatus for use in financial data analysis. More 
particularly, the present invention relates to methods and 
apparatus for efficiently deriving characteristic variables 
from financial transaction data using precedence relation 
shipS Such that the characteristic variables may be used by 
risk prediction models. 

2. Background 
AS the use of bankcards is becoming more prevalent, 

issuers of bankcards are finding that their credit and fraud 
charge-offs, including bankruptcy losses, are increasing. 
When a bankcard account holder is forced to “default' on 
payments for transactions, e.g., financial transactions, per 
formed using his or her bankcard, it is the issuers of the 
bankcards who are most often forced to absorb the associ 
ated losses. AS Such, to protect themselves financially, 
issuers of bankcards are developing So-called "risk predic 
tion” models which they use to assess risks, e.g., bankruptcy 
risk, fraud risk and non-bankrupt risk, associated with a 
bankcard account holder. Risk prediction models for the 
detection of frauds are typically based upon the analysis of 
patterns exhibited in Series of transactions performed by the 
bankcard holder in a Single account. 
On the other hand, models for evaluating bankruptcy and 

credit risks are typically based on historical payment data 
and account performance data. To elaborate, risk prediction 
models for the evaluation of bankruptcy and credit risk 
typically use historical account performance data associated 
with a bankcard account or, more generally, the holder of a 
bankcard account, to identify a pattern of payment and to 
correlate the pattern of payment to known patterns of 
payment. In other words, the payment pattern of the account 
holder is compared against payment patterns which are 
considered as being indicative of a relatively high risk of 
future financial problems, as for example bankruptcy or 
credit loSS. 

With respect to fraud detection Systems, for example, 
transaction data, e.g., data in the format of a String of data 
containing a Series of different data fields, typically is not 
used directly by the fraud detection models. In general, the 
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2 
transaction data, which includes Such data as an account 
number, a transaction amount, a transaction time, and a 
merchant Zip code, as well as various other data, must be 
transformed into characteristic variables which may be used 
as direct inputs to the risk prediction models. These char 
acteristic variables include, for example, a variable which 
holds the risk associated with a transaction occurring in a 
particular geographic area, a time-weighted Sum of the total 
number of consummated financial purchases, and a running 
Sum of the total amount of consummated purchases. 

It should be appreciated that the number of characteristic 
variables which may be used by fraud risk detection models 
is numerous, as well as dynamic, in that desired character 
istic variables may change. By way of example, new char 
acteristic variables may be created for use in risk prediction 
models as needed. 

In conventional fraud risk detection models, characteristic 
variables are derived from transaction data using hard-coded 
computer programs written in a Suitable language, as for 
example computer programs written in the C computer 
language. Hard-coded computer programs are used for their 
ability to handle high Volume Streams of data. The transac 
tion data is provided as inputs to the hard-coded computer 
program which then generates characteristic variables. Due 
to the Volume of characteristic variables which may poten 
tially be used, as well as the size constraints associated with 
most computer programs, creating a computer program 
which is arranged to generate Substantially any possible 
characteristic variable would be impractical, if not virtually 
impossible. 

Requesting characteristic variables which are not already 
provided for in hard-coded computer programs, therefore, 
are not easily obtained. Hence, the use of hard-coded 
computer programs to generate characteristic variables often 
proves to be unsatisfactory, as required characteristic vari 
ables often change, for instance, as fraud detection models 
become more advanced. 

Theoretically, although Substantially any characteristic 
variable may be generated using hard-coded computer 
programs, when a new, previously unavailable characteristic 
variable is desired, the hard-coded computer programs must 
generally be rewritten and recompiled. Therefore, Such an 
approach to generating characteristic variables is often 
complicated, and, hence, inefficient, as rewriting and recom 
piling code is not a trivial task. Further, it would be virtually 
impossible to anticipate which characteristic variables may 
eventually be needed. AS Such, writing a hard-coded com 
puter program that is intended to produce only those char 
acteristic values whose use is anticipated would be an 
extremely difficult task. 
To address the flexibility problem, non-hardcoded com 

puter programs or analytical Systems may be used to gen 
erate characteristic variables. Once the characteristic Vari 
ables are found, using the non-hardcoded approach, the 
mathematical descriptions of these characteristic variables 
are typically handed off to the production System 
programmers, who may then code the mathematical descrip 
tion into a transactions processing System using, e.g., C, 
C++, COBOL, or any other Suitable programming language 
that can achieve the necessary transaction processing rates. 
However, Such non-hardcoded computer programs or ana 
lytical Systems also have disadvantages, e.g., they typically 
do not have the capability to handle high Volume Streams of 
data. 

Although the preceding discussion has been made with 
reference primarily to fraud risk detection Systems, similar 
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issues exist in the design and implementation of bankruptcy 
prediction Systems. AS mentioned, the transaction data for 
prior art bankruptcy prediction Systems differ from prior art 
fraud detection Systems in that they typically represent 
historical payment data and account performance data. 
Nevertheless, the task of generating characteristic variables 
for prior art bankruptcy prediction Systems using hardcoded 
computer programs and non-hardcoded approach also 
involve the aforementioned flexibility and/or data handling 
penalties. 
An efficient method and apparatus for transforming raw 

transaction data into characteristic variables, without requir 
ing the reconfiguration of Significant portions of hard-coded 
computer programs, while enabling high Volume Streams of 
data to be handled, is therefore desired. In other words, what 
is needed is a method and apparatus which enables Substan 
tially any characteristic variable to be readily created from 
raw transaction data. It would also be desirable if Such a 
method and apparatus were capable of processing high 
Volumes of data in real-time. 

SUMMARY OF THE INVENTION 

The present invention relates to methods and apparatus 
for transforming Scaleable transaction data into financial 
data features. In one aspect, a computer-implemented 
method transforms Scaleable transaction data into a financial 
data feature for use in assessing credit risk. The financial 
data feature is extracted from the transaction data. The 
method involves obtaining the transaction data from a data 
Source, and performing a set of operations on the transaction 
data to transform the transaction data into the financial data 
feature. The Set of operations is Selected only from a 
predefined set of classes of operations which are interrelated 
by a predefined order of precedence. Each operation in the 
Set of operations is performed in an order based on the 
predefined order of precedence of a class associated with 
each operator. 

In one embodiment, the Set of predefined classes of 
operations includes at most five classes of operations which 
are a data Structure class, an atomic transformation class, an 
entity transformation class, a time transformation class, and 
a joining operator class. In another embodiment, the finan 
cial data feature is configured to be used in a risk prediction 
model, and the method also involves providing the financial 
data feature to the risk prediction model. In Such an 
embodiment, the method further involves implementing the 
risk prediction model with the financial data feature and 
assessing a risk of bankruptcy based on a result of the 
implementation of the risk prediction model. 

BRIEF DESCRIPTION OF THE DRAWINGS 

The invention may best be understood by reference to the 
following description taken in conjunction with the accom 
panying drawings in which: 

FIG. 1 is a diagrammatic representation of the flow of data 
through a pattern generation engine in accordance with an 
embodiment of the present invention. 

FIG. 2 is a diagrammatic representation of a list of 
operators used by a pattern generation engine in accordance 
with an embodiment of the present invention. 

FIG. 3 is a diagrammatic representation of the classes that 
are recognized by a pattern generation engine in accordance 
with an embodiment of the present invention. 

FIG. 4 is a diagrammatic representation of the precedence 
relationships between classes in accordance with an embodi 
ment of the present invention. 
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4 
DETAILED DESCRIPTION OF THE 

EMBODIMENTS 

The present invention will now be described in detail with 
reference to a few preferred embodiments thereof as illus 
trated in the accompanying drawings. In the following 
description, numerous specific details are Set forth to pro 
vide a thorough understanding of the present invention. It 
will be obvious, however, to one skilled in the art, that the 
present invention may be practiced without Some or all of 
these Specific details. In other instances, well known Struc 
tures and process Steps have not been described in detail to 
not unnecessarily obscure the present invention. 

FIG. 1 is a diagrammatic representation of the flow of 
Scoreable transaction data through a pattern generation 
engine in accordance with an embodiment of the present 
invention. In general, a pattern generation engine is a 
Software engine which may be used to transform Scoreable 
transaction data into “pattern' data or the output from a 
Series of characteristic variables, for use in a risk prediction 
model. In accordance with one particularly advantageous 
aspect of the present invention, Scoreable transactions may 
include any event that may impact a credit holder's credit 
risk level. In other words, the scoreable transactions of the 
present invention include not only financial transaction data 
(e.g., authorizations and Settlements for purchases of goods 
or Services on credit or cash withdrawal on credit) but also 
public record data, customer payment data, check clearing, 
and the like. In the described embodiment, a pattern gen 
eration engine is used to transform Scoreable transaction 
data into characteristic variables, or data features, which are 
used in either or both a model development proceSS or an 
asSociated transaction Scoring process, which will be 
described below. Such a pattern generation engine is further 
arranged to analyze high-volume Streams of data in real 
time. 

In accordance with one aspect of the present invention, 
the operators are efficiently organized for the Specific pur 
pose of providing flexible variable characterization and high 
Speed operation. The operators that do not directly contrib 
ute to the purpose of characteristic variable generation are 
advantageously eliminated, thereby enabling high Speed 
processing to occur. The operators are also organized to 
enable a large combination of characteristic variables to be 
derived simply by reorganizing the order of the operators. 
An input transaction 104, which is generally a Scoreable 

transaction performed using a bankcard, e.g., credit card, is 
provided as an input to a pattern generation engine 106. The 
customer who has possession of the bankcard, i.e., the 
account holder, generates input transaction 104 when he or 
She performs a transaction using the bankcard. Typical 
transactions include making purchases using the bankcard 
and obtaining cash advances using the bankcard. It should be 
appreciated that transactions may be widely varied, and may 
not necessarily reflect only transactions performed using a 
bankcard. By way of example, transactions may also include 
processing customer account information to determine 
whether a customer qualifies for a personal loan, as well as 
processing customer account information to determine if a 
check written by the customer is likely to be rejected. 

Input transaction 104 may be characterized by a high 
Speed data Stream which includes, but is not limited to, data 
fields which contain information relating to a transaction 
type, data fields which contain information relating to the 
parties involved in the transaction, and data fields which 
contain various other information related to the transaction, 
e.g., the cost of a transaction. In general, input transaction 
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104 is stored in a data source (not shown) which may 
typically either be a data file or a database, as for example 
an account database or a customer database. Such a data 
Source may be maintained by the financial institution which 
issued the bankcard used to perform input transaction 104. 

Once input transaction 104 is obtained, input transaction 
104 is provided as an input to a pattern generation engine 
106. Pattern generation engine 106 is essentially a software 
analyzer which may be used to generate Substantially any 
desirable pattern, e.g., financial characteristic. In the 
described embodiment, the desirable patterns are generated 
using a fixed set of operators composed using an interpretive 
language code. 

The operation of pattern generation engine 106 involves 
interpretive language code 108, a relational database 110, 
and multi-dimensional tables 112 which are all essentially a 
part of pattern generation engine 106. Interpretive language 
code 108 includes the fixed set of operators, as mentioned 
above, which are applied to input transaction 104 to create 
desired characteristics. Such desired characteristics may 
include, but are not limited to, for example, the number of 
times a particular type of transaction was performed over a 
fixed period of time and the cost accrued with transactions 
processed during a particular period of time. It should be 
appreciated that, as will be described below with respect to 
FIG. 2, Substantially any characteristic which may be of 
interest to a financial institution may be derived using the Set 
of operators associated with interpretive language code 108, 
and, therefore, pattern generation engine 106. 
AS Substantially any relevant characteristic may be 

derived using the Set of operators associated with interpre 
tive language code 108, it should be appreciated that the use 
of interpretive language code 108 enables new characteris 
tics to be generated by Simply combining the operators, and 
changing the values of operands that are operated upon by 
the operators. In contrast to the inefficient, conventional 
need to rewrite a hard-coded higher-level computer program 
to generate new characteristics, the ability to recombine 
operators at an intermediate programming level, e.g., using 
a pseudo-language that may be interpreted to generate new 
characteristics, does not require any changes to be made to 
a hard-coded, higher-level computer program. Further, the 
use of an intermediate programming level also enables 
parameters associated with operators to be readily modified, 
essentially, “on-the-fly,” or in real-time. AS Such, any desired 
characteristic variable may be obtained without requiring 
changes to be made to a higher-level computer program. 

In the described embodiment, interpretive language code 
108 is created using a high-level programming language. 
That is, the operators associated with interpretive language 
code 108 may be coded using any Suitable programming 
language. By way of example, the operators may be coded 
using the C programming language. 

Relational database 110 is arranged to store scoreable 
transaction information. By way of example, lags, or time 
Series, of transaction data may be Stored in relational data 
base 110. In one embodiment, relational database 110 may 
be either an account database or a customer database. When 
the creation of a desired characteristic requires the use of a 
Series of values associated with previous transactions per 
formed on a particular account, the previous values may 
generally be obtained from relational database 110. 

Multi-dimensional tables 112 are generally n-dimensional 
matrices which include parameters that have multiple 
"keys,” which include, but are not limited to, a merchant 
identifier, a location code, and a Zip code. Multi-dimensional 
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6 
tables 112 may contain parameters, as for example risk 
values, which are not stored in a database, Such that the 
parameters are readily accessible to pattern generation 
engine 106. 
Once input transaction 104, which, as previously 

mentioned, is a Scoreable transaction, has been processed by 
pattern generation engine 106, the “output 114, i.e., the 
characteristic variable, is forwarded either to a model devel 
opment process 116 or to a production Scoring proceSS 118 
that is associated with model development proceSS 116. 
Although model development process 116 may be used to 
develop any Suitable model which uses characteristic Vari 
ables related to financial transactions, e.g., financial data 
features, model development process 116 is generally used 
to develop a risk prediction model. A risk prediction model 
may be used to determine potential risks associated with an 
account or an account holder. By way of example, a risk 
prediction model may be used to assess the likelihood that 
an account holder will be forced to declare bankruptcy based 
on the information provided in a characteristic variable. 
Alternatively, a risk prediction model may also be used to 
assess the probability that a particular Scoreable transaction 
is fraudulent. A risk prediction model may further be used to 
evaluate the performance of a portfolio, to set limits, and to 
reduce exposure, as will be appreciated by those skilled in 
the art. 

Production Scoring process 118 is generally used as an 
input to the Scoring logic of a model, e.g., a risk prediction 
model, developed using model development proceSS 116. In 
other words, production Scoring process 118 may be used to 
asSociate a Score with a particular characteristic value Such 
that a risk may be assessed. 

Referring next to FIG. 2, the operators which are used by 
the pattern generation engine, as discussed above with 
respect to FIG. 1, will be described in accordance with an 
embodiment of the present invention. A table 202 lists a set 
of operators 206 which, when used in various combinations, 
Serve to transform input data into Substantially any desired 
output. In the described embodiment, the minimum number 
of operators 206 that are necessary to efficiently transform 
input data into Substantially any desired characteristic, e.g., 
characteristic variable, indicator, feature, or output, is six 
teen. It should be appreciated, however, that although the 
minimum number of operators 206 is sixteen in the this 
embodiment, an optional Seventeenth operator is often used 
in conjunction with the Sixteen "compulsory operators, as 
will be described below. 

Operators 206 include a “DataBase” operator 210. Data 
Base operator 210 is generally used to identify a particular 
location within a Specific database that is used or will be 
used to Store a given variable. For example, DataBase 
operator 210 may refer to a storage location within relational 
database 110. While DataBase operator 210 can be invoked 
using any Suitable arguments, in one embodiment, 
arguments, or operands, passed to DataBase operator 210 
typically include the name of a database, the name of the 
variable that is to be stored in the database, the location 
within the database where the variable is to be stored, and 
the variable type. 

Operators 206 also include a “DataBase|Lag” operator 
214. The general purpose of DataBaseLag operator 214 is to 
Specify a database, as well as locations within the database, 
in which lags, e.g., time Series, of variables may be stored. 
In one embodiment, arguments used by DataBaseLag opera 
tor 214 include the name of a database, the name of a 
variable to be stored in the database, and the locations within 
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the database where the lags of the variable is to be stored. 
Arguments passed into DataBaseLag operator 214 may also 
include, but are not limited to, the number of lags to be 
Stored, the time period on which the variable is to be lagged, 
and the variable type. 
An “IndexRead' operator 218 is arranged to read ele 

ments from a table, as for example an indeX table, which 
may be included in any Suitable multi-dimensional data 
Source, i.e., a Sparse matrix. It should be appreciated that 
IndexRead operator 218 generally is not arranged to be used 
with relational databases. IndexRead operator 218 may be 
used to read an ASCII character file that contains desired 
information, e.g., the mean and the Standard deviation for a 
particular risk characteristic, in an indeX table and to Store 
the information in a table in random access memory (RAM). 
Storing data in a RAM table generally enables the data to be 
readily accessed. IndeXRead operator 218 may be passed 
arguments Such as the name of the file which contains the 
index table, the name of the output data table in RAM, and 
the number of arguments, or parameters, to be read from the 
index table. 

An “Atomic' operator 222 may be used to read in a field 
from an input data Source. Although the input data Source 
may be either a database or a file, in the described 
embodiment, the input data Source is generally a file, Such as 
for example an ASCII file, or a line read from a database. 
Arguments which are used to invoke Atomic operator 222 
include, in the described embodiment, an identifier associ 
ated with an input data Source, a name for the data element 
that is to be read, and the byte position for the Start location 
and the end location of the field for the data element that is 
to be read from the input data Source. It should be appreci 
ated that various other arguments may be used in addition to, 
or in lieu of, the above-mentioned arguments. By way of 
example, a data type, e.g., character, integer, or float, that is 
asSociated with the data element may also be included as an 
argument. 
The set of operators 206 also includes a “Constant” 

operator 226 that is used to declare the value of constants 
that may be used by other operators 206. Constant operator 
226 may take as arguments a name for the constant that is 
being declared, a type for the constant, and a value for the 
constant. In general, the declared constants are either 
integers, Strings, or floats. 
A “Continuous” operator 230 is arranged to scale data to 

a Sub-domain of a given function. In other words, Continu 
ous operator 230 is used to map data into a new range using 
any Suitable function, Such as, by way of example, a 
logarithmic function or an exponential finction. In Some 
embodiments, it is desirable to map data Such that the actual 
distribution of data may be more readily interpreted, i.e., a 
pattern in the data may be easier to identify. Operands used 
in a call to Continuous operator 230 generally include the 
name of a value or Set of values which is to be operated 
upon, a representation of the function that is to be used to 
map values, and any constants associated with the function. 
It should be appreciated that the function may be identified 
by a name. Alternatively, the function may be explicitly 
included as an argument in Continuous operator 230. Argu 
ments in a call to Continuous operator 230 typically include 
the name of a variable or variables which will hold the 
mapped results of the call to Continuous operator 230. 
A "Fuzz operator 234 is essentially a fuzzy logic opera 

tor derived from fuzzy Set theory, and Serves to map data in 
an input domain to a membership value through the use of 
a membership function, which is well known to those of skill 
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in the computer Science arts. In general, membership func 
tions are used to relate data between different classes. By 
way of example, data relating to a transaction performed on 
a particular day may be a “member of the class of data that 
pertains to transactions performed during a week which 
includes the particular day. Locating a membership value 
asSociated with an input variable enables that value to be 
asSociated with different membership classes. 
Although arguments to Fu ZZ operator 234 may be widely 

varied, in the described embodiment, arguments to Fu ZZ 
operator 234 may include an input variable, the name of a 
Suitable membership function, any parameters required by 
the membership function, and the name of the output vari 
able which holds the membership value. Examples of mem 
bership functions include, but are not limited to, Gaussian 
curve membership functions, trapezoidal membership 
functions, and generalized bell-curve membership functions. 
An "ArraySparse' operator 242 is arranged to Search 

sparse, or relatively empty, arrays for particular fields. 
Sparse arrays may include, but are not limited to, arrays of 
field codes that were derived using IndexRead operator 218. 
ArraySparse operator 242 may take as arguments, for 
example a risk index variable, an input indeX variable, or a 
name of an output variable. A risk index variable is used to 
identify an array which contains indeX variables and risk 
values, or values which Signify the risk associated with a 
given variable. An input index variable is typically a value 
which is used to locate the desired field in the array 
identified by the risk index variable. A name of an output 
variable specifies the risk values associated with Success 
fully matched input index variables. 

Operators 206 also include a “General Operator” operator 
246 that is arranged to perform arithmetic operations and 
comparison operations. It should be appreciated that arith 
metic operations may be widely varied. However, in the 
described embodiment, arithmetic operations include, but 
are not limited to, Such "simple' arithmetic operations as 
addition, Subtraction, multiplication, division, and exponen 
tiation. Similarly, comparison operations may also be widely 
varied. Comparison operations performed between two or 
more entities may involve Such comparison operators as 
“equal to operators, “not equal to operators, “greater than” 
operators, and "less than operators, as will be appreciated 
by those skilled in the art. Such comparison operators may 
also include, when comparisons are performed between 
logical arguments, “and,” “or,” and “not” operators. 

In the described embodiment, arguments to GeneralOp 
erator operator 246 include variables on which arithmetic or 
comparison operations are to be performed, a Specified 
arithmetic or comparison operation, and a variable arranged 
to hold the result of the arithmetic or comparison operation. 
For embodiments in which GeneralOperator 246 is used to 
calculate a running Sum, the variable which holds the result 
of the arithmetic operation may be the same as one of the 
input variables. 
An “AlphaSmoothing” operator 250 is used to compute a 

weighted Sum, e.g., a time-weighted Sum, for a set of data, 
or, more specifically, transaction data. In one embodiment, 
the weighted Sum is an exponentially Smoothed Sum. Argu 
ments to AlphaSmoothing operator 250 include, but are not 
limited to, the name of the variable which holds the expo 
nentially smoothed value, the name of the “raw” variable 
which is to be Smoothed, and constants, as for example a 
decay constant associated with the exponentially Smoothed 
sum. It should be appreciated that the variable to be 
smoothed and the variable which holds the exponentially 
Smoothed value may be the same variable. 
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An “AlphaEetaSmoothing” operator 254 used to compute 
a weighted average, as for example a time-weighted aver 
age. AS Such, AlphaEetaSmoothing operator 254 generally 
takes the same arguments as AlphaSmoothing operator 250, 
namely the name of the variable which contains the 
Smoothed value, the name of the variable that is to be 
Smoothed, and constants. AlphaEetaSmoothing operator 254 
differs from AlphaSmoothing operator 250 in that AlphaEe 
taSmoothing operator 254 typically involves a Superposition 
of exponential functions, whereas AlphaSmoothing operator 
250 is typically characterized by a Single exponential func 
tion. Further, AlphaEetaSmoothing operator 254 computes 
weighted averages, while AlphaSmoothing operator 250 
computes weighted Sums. 

A“Forecast” operator 258 is used to fit and forecast a time 
Series to input data. By way of example, Forecast operator 
258 may be used to predict activity for a current or future 
month based upon the activity in previous months. Argu 
ments which are generally used by Forecast operator 258 
include variables to be used in forecast modeling, e.g., 
variables which relate to activity in previous months. Other 
arguments may include variables which hold the forecasted, 
or predicted, result as well as variables which hold confi 
dence limits on the forecasted result, as for example upper 
and lower confidence limits. 

A "Histogram' operator 262 is used to generate Statistics 
based on input data which, in the described embodiment, 
represents a Series of transactions. In one embodiment, 
Histogram operator 262 is used to analyze a set of values to 
identify the value, or values, that most frequently occur for 
a given variable associated with an account. Typical argu 
ments that are passed to Histogram operator 262 usually 
include an input variable to be histogramed, the number of 
lags of the input variable that are to be used in the generation 
of a histogram, a time constraint to be used in the calculation 
of the histogram, and an output variable arranged to hold the 
results of the histogram. It should be appreciated that if more 
than one output value is desired, e.g., the two most com 
monly occurring values are desired, then the number of 
output variables may be increased accordingly. 
A“Lags' operator 266 is arranged to Summarize a Series 

of values. In other words, Lags operator 266 may be used to 
Summarize a specified number of lagged values for a vari 
able. Summarizing an event typically entails obtaining a 
value which characterizes a particular variable. Such char 
acteristic values include, but are not limited to, the maxi 
mum value of a variable, the minimum value of a variable, 
the mean value of a variable, and the Standard deviation 
asSociated with a variable. 
Arguments to Lags operator 266 typically include an 

input variable which is to be characterized, the number of 
previous values of the input variable that are to be used to 
Summarize the variable, the type of characteristic value 
desired, and a variable to hold the returned characteristic 
value. It should be appreciated that in Some embodiments 
Lags operator 266 may be arranged to obtain and return 
more than one characteristic value which Summarizes a 
variable. 

Operators 206 further include a “JoinHistogram” operator 
270 which, in the described embodiment, may be used to 
generate Statistics relating to a variable over different 
accounts. That is, JoinHistogram operator 270 analyzes the 
most recent values for an input variable to be histogramed. 
Whereas the Set of values analyzed using Histogram opera 
tor 262 as previously described is obtained from a single 
account, the Set of values analyzed using Histogram operator 
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270 are obtained from different accounts. It should be 
appreciated that, in general, arguments passed into JoinHis 
togram operator 270 are the same as arguments passed into 
Histogram operator 270, e.g., an input variable and a number 
of lags. 
A“JoinSummarize” operator 278 is related to Lags opera 

tor 266 in that JoinSummarize operator 278 Summarizes a 
Series of values associated with a variable. However, 
whereas Lags operator 266 Summarizes values associated 
with a Single account, JoinSummarize operator 278 Summa 
rizes values associated with Separate, but common accounts, 
e.g., different accounts belonging to a single customer. 

JoinSummarize operator 278 and Lags operator 266 are 
related; it follows that arguments passed into JoinSumma 
rize operator 278 are generally the same as arguments passed 
into Lags operator 266. However, options associated with 
different arguments may be varied between Lags operator 
266 and JoinSummarize operator 278. By way of example, 
options for a characteristic type argument, for both Lags 
operator 266 and JoinSummarize operator 278, may include, 
as previously mentioned, the maximum value of a variable, 
the minimum value of a variable, the mean value of a 
variable, and the Standard deviation associated with a vari 
able. As JoinSummarize operator 278 is associated with 
more than one account, characteristic types for JoinSumma 
rize operator 278 may further include characteristics Such as 
the number of accounts which have non-Zero values for a 
variable. 

AS discussed above, in the described embodiment, the 
preferred minimum number of operators 206 that are used to 
efficiently transform input transaction data into Substantially 
any desired output is Sixteen. However, the Sixteen above 
described operators are intended for use on input Streams of 
fixed lengths, where certain data is located in fixed positions. 
In other words, the Sixteen operators are intended to be 
applied to Systems in which transaction data is presented in 
Streams of a Standard length. Within these Streams, Strings 
which pertain to certain types of data are located in known 
positions, as will be appreciated by those skilled in the art. 

For embodiments in which either or both the stream 
lengths and the location of data within a Stream may vary, an 
optional Seventeenth operator may be used in conjunction 
with the sixteen operators described above. In the described 
embodiment, the optional Seventeenth operator is a "Token' 
operator 278. Token operator 278 may be arranged to 
identify the record lengths of variables and the location of 
variables within a stream. The arguments passed to Token 
operator 278 generally include the name of an input variable, 
as well as a “token,” or identifier for the input variable. The 
token may be a particular character which, when located in 
a stream, Signifies that the String which pertains to the input 
variable follows. It should be appreciated that for embodi 
ments in which the record length of the input variable is 
unknown, an additional token value which identifies the end 
of a String, may be included as an argument to Token 
operator 278. 

It should be appreciated that in one embodiment, the use 
of a minimum of five operators may be Sufficient to generate 
substantially all desired characteristic variables. These five 
operators are DataBaseLog operator 214, IndexRead opera 
tor 218, Atomic operator 222, ArraySparse operator 242, and 
Lags operator 266. An additional operator, e.g., JoinSum 
marize operator 274, is generally required to create patterns, 
which are an aggregation of multiple accounts. 

FIG. 3 is a diagrammatic representation of the classes that 
are recognized by a pattern generation engine in accordance 
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with an embodiment of the present invention. In general, the 
classes represent divisions of the operators described above 
with respect to FIG. 2. The classes are divided such that by 
Selecting operators from the classes, and applying the opera 
tors following a specified “order,” which will be described 
below with reference to FIG. 4, Substantially any desired 
transactional output may be obtained. In other words, com 
bining operators Selected from the classes by following a 
precedence relationship associated with the classes enables 
generation of Substantially any desired output that is Suitable 
for use with a risk prediction model. 

In one currently preferred embodiment, a total of five 
classes 304 are provided, including a “Database Data Struc 
tures' class 306, an "Atomic Transformations' class 308, an 
“Entity Transformations” class 310, a “Time Transforma 
tions” class 312, and a “Join-Table Operators' class 314. 
Some of classes 304 may be divided into Subclasses 320. By 
way of example, Entity Transformations class 310 may be 
divided into a “Simple Transformations” subclass 322 and a 
“Complex Transformations” subclass 324, while Time 
Transformations class 312 may be divided into an 
“Integration/Smoothing Transformations” subclass 326 and 
a “Lag Transformations” subclass 328. 

Class numbers 330 may be associated with classes 304. 
By way of example, Database Data Structures class 306 is 
associated with class number “1” 332, while Atomic Trans 
formations class 308 is associated with class number "2" 
334. Further, Entity Transformations class 310 is associated 
with class number "3' 336, Time Transformations class 312 
is associated with class number “4” 338, and Join-Table 
Operators class 314 is associated with class number “5” 340. 
It should be appreciated that, herein and below, classes 304 
and class numbers 330 associated with classes 304 will be 
used interchangeably. 

Database Data Structures class 306, in general, includes a 
sub-set of operators 206 which relate to variables that may 
be stored in databases. The Sub-set of operators 206 are 
DataBase operator 210, DataBase|Lag operator 214, and 
IndexRead operator 218. Atomic Transformations class 308 
generally includes operatorS 206 which pertain to obtaining 
data from fields contained in ASCII files, as for example 
Formatted Transaction Log (FTL) files. Operators 206 con 
tained within Atomic Transformations class 308 may be 
used to Segment out desired bytes of information from 
ASCII files. As such, operators 206 contained within Atomic 
Transformations class 308 are Atomic operator 222, Con 
stant operator 226, and optional Token operator 278. It 
should be appreciated that operators 206 in Database Data 
Structures class 306 may be used to operate on permanent 
variables as well as transient and temporary variables. 

Entity Transformations class 310, as previously 
mentioned, may be divided into Simple Transformations 
subclass 322 and Complex Transformations subclass 324. In 
general, Entity Transformations class 310 involves a sub-set 
of operators 206 which may be used to transform variables 
and tables from one format to another. Simple Transforma 
tions subclass 322 includes Continuous operator 230, and 
FuZZ operator 234, all of which are typically arranged to 
transform a simple variable in a Static manner. Alternatively, 
Complex Transformations subclass 324 includes Array 
Sparse operator 242 and GeneralOperator operator 246, 
which are generally use transform. In general, operatorS 206 
which are included in Entity Transformations class 310 may 
only operate on transient or temporary values. 
Time Transformations class 312, in the described 

embodiment, includes a subset of operators 206 that are used 
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to operate on records associated with a database. The 
records, in general, represent a time Series of transaction 
data. An "Integrations/Smoothing Transformations' Sub 
class 326 and a “Lag Transformations” subclass 328 are 
Subclasses 320 of Time Transformations class 312. 
Integration/Smoothing Transformations subclass 326 
includes operators 206 which may be used to operate on 
database event records in order to calculate, for example, 
averages for transactions without explicitly Storing all pre 
vious transactions. AlphaSmoothing operator 250 and 
AlphaEetaSmoothing operator 254, which were previously 
discussed, are associated with Integration/Smoothing Trans 
formations subclass 326. Operators 206 associated with Lag 
Transformations subclass 328 are arranged to utilize sub 
Stantially all available data, e.g., event records, that involves 
a particular type of transaction over a given time period Such 
that a trend in the data may be determined. Forecast operator 
258, Histogram operator 262, and Lags operator 266 are 
generally associated with Lag Transformations Subclass 328. 
It should be appreciated that operators 206 which are 
included in Time Transformations class 312 are arranged 
only to operate on transient or temporary values. 

In general, operators 206 which are included in Join-Table 
Operators class 314 are used to join, or otherwise link, 
variables acroSS different accounts which have a common 
aspect. This common aspect may be, for example, a common 
owner of the different accounts. Essentially, operators 206 
associated with Join-Table Operators class 314 are used to 
aggregate variables acroSS different accounts to create an 
overall representation of the variables over time. In the 
described embodiment, Join-Table Operators class 314 
includes JoinHistogram operator 270 and JoinSummarize 
operator 274. Operators 206 associated with Join-Table 
Operators class 314 are arranged Such that they may operate 
only on transient or temporary values. 
With reference to FIG. 4, the precedence relationships 

between classes, i.e., the classes discussed above with 
respect to FIG. 3, will be described in accordance with an 
embodiment of the present invention. A precedence rela 
tionship Specifies the order in which operations in different 
classes may be executed. That is, a precedence relationship 
designates which operators may provide input to other 
operators. 

It should be appreciated that all operator pass values, e.g., 
permanent or temporary values. Such values may be Scalar, 
vector, or matrix values. AS Such, precedence relationships, 
which are indicated in FIG. 4 by arrows, represent the 
precedence of operator operations and, in addition, describe 
the flow of data values between operators. In one 
embodiment, the data values are integers, floats, and Strings. 

Precedence State diagram 402 includes representations of 
Class “1” 408, i.e., the Database Data Structures class, Class 
“2' 410, i.e., the Atomic Transformations class, Class “3” 
412, i.e., the Entity Transformations class, Class “4” 414, 
i.e., the Time Transformations class, and Class “5” 416, i.e., 
the Join-Table Operators class. The precedence relationship 
between classes is generally represented by arrows, as for 
example arrow 420 between Class “1” 408 and Class “2” 
410. As previously mentioned, substantially any desired 
characteristic may be obtained from transaction data by 
combining operators using the precedence relationship out 
lined by precedence State diagram 402. 
As indicated by arrow 420, an operation in Class “1” 408 

may precede an operation in Class “2' 410. For example, a 
value, e.g., a value in ASCII format, obtained from a 
database may be transformed into a numerical value by an 
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operation associated with Class “2' 410. In other words, a 
value obtained from a database may be used as an argument 
in an operation associated with Class “2' 410. Arrow 420 
also indicates that an operation in Class “2' 410 may 
precede an operation in Class “1” 408. As such, another 
relationship specified by arrow 420 indicates, in one 
embodiment, that a value generated from an atomic trans 
formation may be Saved into a database. 
An arrow 422 specifies a precedence relationship between 

Class “1” 408 and Class “3” 412. The relationship defined by 
arrow 422 indicates that operations associated with Class 
“1” 408 may directly precede operations associated with 
Class “3' 412, and that operations associated with Class “3” 
412 may precede operations associated with Class “1” 408. 
Arrow 422 implies that data may be retrieved from a 
database and be operated upon by an entity transformation. 
By way of example, an atomic value retrieved from a 
database may be mapped into a desirable format associated 
with a risk prediction model. Arrow 422 also shows that data 
operated upon by an operation associated with Class “3' 412 
may generally be followed by an operation associated with 
Class “1” 408, e.g., data transformed by an operation 
associated with Class “3' 412 may be stored directly into a 
database. 
An arrow 424 indicates that Class “3' 424 is re-entrant 

upon itself. In other words, an operation in Class “3' 424 
may precede another operation in Class “3' 424. By way of 
example, the ArraySparse operator may directly precede the 
Continuous operator when the ArraySparse operator is used 
to find a risk value which is then used as a Scaling constant 
by the Continuous operator. 
An arrow 426 implies that operators in Class “2410 may 

directly precede operators in Class “3' 412. In one 
embodiment, the Atomic operator that is a part of Class “2” 
410 may be used to read a field of data from a file which is 
provided as an input argument to an operator that is a part 
of Class “3' 412, e.g., the ArraySparse operator. 

The precedence relationship between Class “3' 412 and 
Class “4” 414 is defined by an arrow 428 which indicates 
that while operators that are included in Class “3' 412 may 
precede operators that are included in Class “4” 414, the 
operators that are included in Class “4” 414 may also 
precede operators that are included in Class “3' 412. In other 
words, entity transformations and time transformations may 
occur in any order. An example of an operation in Class “3” 
412 preceding an operation in Class “4” 414 involves using 
the Continuous operator to Scale data which is then provided 
as an argument to the AlphaSmoothing operator Such that the 
Smoothed value of the Scaled data is obtained. Alternatively, 
an example of an operation in Class “4” 414 preceding an 
operation in Class “3' 412 may involve invoking the Array 
Sparse operator on results obtained using the Histogram 
operator to find a field in an array which matches the results 
obtained using the Histogram operator. 
AS was the case for Class “3' 412, Class “4” 414, as 

shown by an arrow 430, is also re-entrant into itself. Hence, 
one operator in Class “4” 414 may precede another operator 
in Class “4” 414, e.g., the Lags operator may be used to 
obtain a range of values which are used by the Histogram 
operator. 

While operators in Class “4” 414 typically do not directly 
precede operators in Class “2' 410, in the described 
embodiment, operators in Class “2' 410 may directly pre 
cede operators in Class “4” 414, as indicated by an arrow 
432. This implies that results obtained using atomic trans 
formations may be used as operands for a time transforma 
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tion. For example, the value of a constant variable, e.g., a 
confidence limit on a forecast, defined using the Constant 
operator may be provided as an argument to the Forecast 
operator. 
An arrow 434 specifies a precedence relationship between 

Class “1” 408 and Class “4” 414. The precedence relation 
ship as defined by arrow 434 indicates that operations 
associated with Class “1” 408 may directly precede opera 
tions associated with Class “4” 414, and, conversely, opera 
tions associated with Class “4” 414 may directly precede 
operations associated with Class “1” 408. Arrow 434 implies 
that data may be retrieved from a database and be operated 
upon by a time transformation. By way of example, an 
atomic value retrieved from a database may be mapped into 
and used in an operation Such as a forecast. That is, a 
forecast may be performed using data retrieved from a 
database. Arrow 434 also implies that data operated on by an 
operation associated with Class “4” 414 may immediately be 
operated on using a database data Structure operation, i.e., an 
operation associated with Class “1” 408. 

Class “4” 414 is related to Class “5” 416 as shown by an 
arrow 436. Specifically, as indicated by arrow 436, the 
precedence between Class “4” 414 and Class “5” 416 is such 
that operators in either class may directly precede operators 
in the other class. For instance, the Histogram operator that 
is a part of Class “4” 414 may either directly precede or 
directly follow the JoinHistogram operator that is a part of 
Class “5” 416. 
The precedence relationship indicated by an arrow 438 

implies that operators associated with Class “1” 408 may 
precede operators associated with Class “5” 416. In other 
words, arrow 438 indicates that data obtained from a data 
base may be operated on directly by an operator associated 
with Class “5” 416, i.e., either the JoinHistogram operator or 
the JoinSummarize operator. The precedence relationship 
shown by arrow 438 also implies that operators associated 
with Class “5” 416 may precede operators associated with 
Class “1' 408. 
The precedence relationship between Class “2' 410 and 

Class “5” 416 is shown by an arrow 440. Operators asso 
ciated with Class “2' 410 may directly precede, or be used 
as an argument to, operators associated with Class “5” 416, 
i.e., an atomic transformation may directly precede a join 
table operator. By way of example, a constant value created 
using the Constant operator may be used as an argument, 
e.g., the time over which a variable is to be Summarized, that 
is passed into the JoinSummarize operator. 
The precedence relationship between Class “3' 412 and 

Class “5” 416 is indicated by an arrow 442 which shows that 
operators in Class “3' 412 may precede operators in Class 
“5” 416, and that, conversely, operators in Class “5” 416 
may precede operators in Class “3' 412. For example, the 
General Operator operator associated with Class “3' 412 
may be executed to transform a variable which may then be 
used as an argument to the JoinSummarize operator associ 
ated with Class “5” 416. Alternatively, results from the 
execution of the JoinSummarize operator may be operated 
upon by the General Operator operator. 
To better illustrate the precedence relationship between 

classes, a basic example of a data analysis performed 
following precedence state diagram 402 will be described in 
accordance with one embodiment of the present invention. 
It should be appreciated that this basic example is intended 
to illustrate, generally, how operators and classes may be 
interrelated. AS Such, Specific details, Such as the actual 
Syntax of arguments passed to the operators, will not be 
described. 
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For example, in assessing the bankruptcy risk of a par 
ticular account holder, a financial institution may wish to 
monitor particular types of transactions, i.e., Scoreable 
transactions, and the frequency of the different types of 
transactions. For example, if the Volume and monetary 
amount of cash-Withdrawal transactions increases dramati 
cally over the course of a Specified period of time, Such 
activity may be associated with a relatively high risk of 
bankruptcy. AS Such, a financial institution may wish to 
monitor the number of cash-Withdrawal transactions that an 
account holder has made using his or her bankcard over a 
Specified period of time. 

In order to monitor the cash-withdrawal transactions 
executed on an account by a customer within a Specified 
period of time, an operator that is associated with Class “1” 
408, i.e., the database data Structures class, is invoked. In the 
described embodiment, the DataBaseLag operator is 
invoked. AS previously described, the DataBaseLag operator 
is generally used to identify locations within a database in 
which lags of variables may be Stored. Arguments passed in 
the DataBaseLag operator may include the name of the 
variable in which lags are Stored, the location in the database 
where the variable is Stored, the number of lags to be Stored, 
the time period over which the variable is lagged, the name 
of the database where the variable is stored, and the variable 
type. 

In general, the name of the variable in which lags are 
Stored is identified by the corresponding merchant category 
code, and the time period on which the variable is lagged 
may be specified Such that every transaction performed over 
a week, for example, may be accessed. In the described 
embodiment, it may be assumed that the Specified period of 
time is a week, and that the variable relates to cash with 
drawals. 

Once the DataBaseLags operator is invoked, the Atomic 
operator that is a part of Class “2' 410 is invoked, i.e., the 
precedence relationship indicated by arrow 420 is followed, 
to read the appropriate data from the location identified 
within the database. In other words, the Atomic operator is 
used to parse the String containing the transactions per 
formed over the last week by the account holder. 

Once the relevant information has been obtained, the 
Histogram operator that is associated with Class “4” 414 is 
invoked in the described embodiment. The precedence rela 
tionship between Class “2410 and Class “4” 414 is defined 
by arrow 432. The Histogram operator may be used such that 
the data obtained using the Atomic operator may, in essence, 
be Sorted. That is, the Histogram operator may be used to 
generate Statistics related to cash withdrawals. For example, 
Histogram operator may be used to identify the type of cash 
withdrawals, e.g., cash withdrawals which exceed a given 
value, which were most frequently made over the course of 
the last week. It should be appreciated that in the event that 
the frequency is the same for more than one type of cash 
withdrawals, e.g., two different types of cash withdrawals, 
then Histogram operator will generally Select the first occur 
rence of either of the types of cash withdrawal as being the 
type of purchase with the highest frequency. 

Histogram operator may be called with an argument 
which Specifies a lag depth. This lag depth may be used to 
Specify the number of cash withdrawals of a particular 
amount, for example, that is considered to be a high fre 
quency type of cash withdrawal. For example, a lag depth of 
five may imply that the number of times a particular type of 
cash withdrawal has been made must exceed five before that 
type of cash withdrawal is considered to be a type of cash 
withdrawal that is frequently made. 
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16 
After the type of cash withdrawal that is most frequently 

made is identified, in the described embodiment, the Array 
Sparse operator may be called to identify a risk associated 
with the most frequently made cash withdrawal type. The 
ArraySparse operator may be called directly after the His 
togram operator is called due to the precedence relationship, 
defined by arrow 428, between Class “3' 412, with which 
the ArraySparse operator is associated, and Class “4” 414, 
with which the Histogram operator is associated. It should 
be appreciated that the ArraySparse operator may generally 
be used to associate a risk value with the type of cash 
withdrawal that most frequently occurs by accessing an 
array of risk values. This risk value may then be passed to 
a risk prediction model, as previously mentioned. 

It should be appreciated that in the event that an account 
holder possesses more than one account, e.g., has more than 
one bankcard, the risk value associated with the type of cash 
withdrawal that most frequently occurs may be determined 
for each account. In this case, the JoinHistogram operator 
associated with Class “5” 416 may be invoked to determine 
the overall type of cash withdrawal that most frequently 
occurs over all related accounts, or accounts owned by one 
account holder. Then, a risk value may be determined for 
that type of cash withdrawal using the ArraySparse operator. 

Although only a few embodiments of the present inven 
tion have been described, it should be understood that the 
present invention may be embodied in many other specific 
forms without departing from the Spirit or Scope of the 
invention. By way of example, although the minimum 
number of necessary operators have been divided into five 
classes, it should be appreciated that the number of classes 
may vary. In Some cases, classes may be combined. In other 
cases, classes may be divided, e.g., the Simple transforma 
tions Subclass and the complex transformations Subclass of 
the entity transformations class may be considered to be 
Separate classes. 

Further, although a general precedence relationship has 
been described for operators contained within classes, it 
should be appreciated that in Some cases, it is possible that 
it may not be appropriate for a particular operator in one 
class to directly precede a particular operator in another 
class. However, in Such cases, at least one operator in a 
given class will be Suitable for preceding an operator in 
another class, as Specified by the precedence relationship. 
Although the operators have been described as taking 

certain arguments, it should be appreciated that the argu 
ments may be widely varied without departing from the 
Spirit or the Scope of the present invention. By way of 
example, the IndexRead operator may include a Statistical 
argument which may be used to determine the number of 
Statistics to be read in from an indeX table, i.e., the number 
of Statistics associated with each parameter that is read from 
the indeX table. Therefore, the present examples are to be 
considered as illustrative and not restrictive, and the inven 
tion is not to be limited to the details given herein, but may 
be modified within the Scope of the appended claims. 
What is claimed is: 
1. A computer-implemented method for transforming 

Scoreable transaction data into a financial data feature for 
use in assessing credit risk, the method comprising: 

obtaining the Scoreable transaction data from a data 
Source; and 

performing a set of operations on the Scoreable transac 
tion data to transform the Scoreable transaction data 
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into the financial data feature, the Set of operations 
being Selected only from a predefined Set of classes of 
operations, the Set of predefined classes of operations 
being arranged in a predefined order of precedence, 
wherein each operation in the Set of operations is 
performed in an order based on the predefined order of 
precedence of a class associated with the each operator, 
the Set of predefined classes of operations including 
only classes Selected from the group consisting of a 
data Structure class, an atomic transformation class, an 
entity transformation class, a time transformation class, 
and a joining operator class. 

2. A computer-implemented method as recited in claim 1 
wherein the financial data feature is configured for use in a 
risk prediction model, the computer-implemented method 
further including: 

providing the financial data feature to a risk prediction 
model. 

3. A computer-implemented method as recited in claim 2 
further including: 

implementing the risk prediction model the financial data 
feature; and 

assessing a risk of bankruptcy based on as result of the 
implementation of the risk prediction model. 

4. A computer-implemented method as recited in claim 2 
wherein the financial data feature is further configured for 
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use in a transaction Scoring proceSS associated with the risk 
prediction model, the computer-implemented method fur 
ther including: 

providing the financial data feature to the transaction 
Scoring process. 

5. A computer-implemented method as recited in claim 1 
wherein the Set of operations are performed Substantially in 
real-time. 

6. A computer-implemented method as recited in claim 1 
further including 

replacing the predefined order of precedence with a 
Second predefined order of precedence in order to 
transform the Scoreable transaction into a Second finan 
cial data feature. 

7. A computer-implemented method as recited in claim 6 
wherein the Scoreable transaction data includes the financial 
data feature, the Second financial data feature, and additional 
data, the computer-implemented method further including: 

providing the financial data feature and the Second finan 
cial data feature, and not the additional data, to a credit 
risk prediction model. 

8. A computer-implemented as recited in claim 2 wherein 
the risk prediction model is arranged to assess a level of 
credit risk using the financial data feature. 
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